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Abstract: To address the limited detection targets, slow processing speed, and low accuracyof existing
methods for driving obstacle prediction, this paper proposed an improved convolutional neural net-
work called Coll-Net merged with spatial attention, a suitable speed control policy, and an obstacle di-
rection determination method based on Coll-Net. Coll-Net imitated the vision mechanism of judging
obstacles during driving, preprocessed the input monocular vision images to obtain the region of inter-
est, and extracted the spatial features using a deep residual network framework. After collecting the
spatial features, Coll-Net recalibrated the original features on the spatial feature channels by using the
mechanism of spatial attention, which evaluated the features of every channel,improved the important
ones, and then rescaled the weights of every channel and assigned the normalized weights to the corre-
sponding spatial features in order to select critical features. The output feature map is connected by a
fullyconnected layer; then,a normalized obstacle probability range of 0 to 1 is generated by a sigmoid
function. Moreover, this paper proposes a driving policy, that controls the driving speed and predicts

the obstacle direction according to the generated probability by Coll-Net. Experiment results indicate
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that Coll-Net prediction accuracy on standard datasets reaches 96. 01% and the f1 score reaches 0. 915.

Coll-Net performs well in detecting diverse obstacles such as cars, pedestrians, guardrails, and walls

in real time(24 ms for inference), as well as in low-contrast conditions. Moreover, the driving policy

based on Coll-Net is validated using Udacity Self-Driving datasets.

Key words: obstacles prediction; monocular vision; deep learning; attention mechanism; intelligent

driving

1 31 =

S VB % B 2 3 & 48 (Automatic Data Acqui-
sition System, ADAS) J& 5 HE 22 i 40 35 N 19 AfF 5%
oS, ADAS 52 I B2 F A B A2 N A IR BT A A
JEAlHE B2 5t s DT L 22 Bl 2 T 4k ] BE K AR Y
& . A OAE 4 % R 48 (Forward Collision
Warning System, FCWS) & ADAS & 4t i) — &%
3o 38 5 A R R B B AR R AR R L T
Rll 488 Fij A 4 K 2R A LB AIL A R A 5
T H R B AR A ik AL R R L
AT, YOLO(You Only Look Once) , RC-
NN (Regions with Convolutional Neural Not-
works) ZEH B AR I 45 1) B AE AT
N EBR BRI E A B R RORS ABXS TR R B
WE SN UL A ) B A I ROR AN GF s T2 B R
Do 2% (g R BT A F 5 A SR A A O vk
HEAT A 325 3l b 5 i U0 R B AR T 44 R B
o) N, TG Ak S AR DU AT 55

EpEE M AlexNet 3| EfficientNet'* 1) H
B o3 S 25 1 ¢ Jie L F8 43 BIF 5 N G 4 K I A
A D0 2 A7 N4 B E b AR Sy 4 T
BT B A AR . JE i VAR, Glustd S50 42
e T4 228 090 2 6 A AT 4 Sy T 4 8247 b 2 5 R T
FPBEZ s Richter " HT5E T DNN 75 & fif B o Y
Gy R VTR R, 3k S8 BfF 5 fifT 445 s A 00000 AS 7
Jay BRFZE AT B bR 5 A0, % R 43 B 1 4 B A
— 7 1 TR A 7 o AE T R A P N AR N RE B
W) 5 6L e 2 X AT 45 i F 5T AT A Re W R AT
TR TR K . BFXT LA R AR SO — A S
23 [B) 7 2 7 AL 0 & BUR 28 ) 4% Coll-Net (&
Collision Network) , 5 3 45 5 35 4 b, Coll-Net
TE N /2 SEI B AT PR3 T RS T 1 R 4 F0 ) 55

TR WGP T XA R A S RS X B A S fE
J1 s[RI 42 1T 3T Coll-Net 47 4 5 W%, 4 Bh
FA G AT RIS 7 80 19 340 5 LA R 7 4 o LT A
BB 5 0 A R R R

2 AT R ALEAZ 8 64 [ A o

A7 7 225 B B3 ) U i 7 e A 119 R R B S
4 L 5 A E T I B A W 5 AT 4SO 2 X R T
QB H B AE T 7 Y R Bl AR 2 Bl By e
ARG LG8 FL Bl 42 B ) Wy AN 2 A il A L AR
Jei MR A8 FR Bl 45 ol e G Y A BE £ R ) W AT RE
HLEh 2 R A R, AN 1 TR . i AR SR AT
A WL PR30 23 O A e A I Tl A 5 T R Al 1 A
2 I8t Coll-Net M 45 %) 5 75 H B Bt % B 48 R
HEAT F

K1 AT AL
Fig. 1 Driving visual field

A SR Coll-Net 17 4 i i T 2 4t 4 5]
2, FET AR DR R - 50 A5 Sk Al B AT 5 IR AR
XL R B4 BV S 3% A Coll-Net, £t f T
SRR A B LA R % 2 ) 4% 1 QAR S (R R AR J L i
bR AE PO 2% HE AT T T AR AE AL LA Bk AR
I A S TR AIE 18T L 3 28 18] i I o 4 o 4 = Ak P
I A AR HEAR . Coll-Net i F5 I i {1k 4k 2



1852 b i

K TR

%28 &

o B AT 2 DR SR AR R R A0 R AR R AT 47 3
Pl JF 2 A AR T 226 100 B0 B0 A R AT B 7
I F E

rescale

........................

----------

Jwmgor || e || e |
T s || A || s |

_____________________________

2 Coll-Net 17 4= i ik #10 5 G¢ 44 1%

Framework of Coll-Net obstacle prediction

Fig. 2

3 AT A %%t

3.1 Coll-Net [ #&i% it
3011 FEARMLIER

Coll-Net & i %% 2= M 4% B 22 Residual Net-
work" " A4 23 ] 4 2 ML i R A B A 6 R
MM, N 3 iR, &a TAER, R KR E
SETAL B AL 200X 200 (1) 5L 8 EE S8 5 A E]
TAHR2ARFASKS MEREHE KR 2 15
FUZ BRI SE R 3X3 HAEK N 2 iRtk
JEXFH AT RABE A B 32 3K R 2R 50 X50 ()
FRAE R S SR 5 7 [8] — L U B b 58 BURRE 151 1 4t
FrifEfE (BND FTHE L PEfL (PReLUD #24E . RAFEJZ
i R RS SR

system Lou( - (Lin - Wkernel )/Ssrride + 2 ’ (1)
Rescale GAP
; — > Prediction
| Add : ‘ : | Add
_____ iSigmoid ___GAP!  Sigmoid  ___GAP! ISigmoid  FClayer
i PReLU : Rel : PReLU :
ol FC Lo L Fe Lo Fe ] LI FC L__ ] FC
layer layer layer layer layer layer
B 3 Coll-Net ¥ & i 4 () 2% 45 #
Fig.3 Coll-Net deep neural network structure
Hr: Ly, Lo R i A5 &t BORSFS S s ® 1 Coll-Net &4 5 iH

Wi B8 5 K G R s SRR A P R U 22 Tab. 1 Coll-Net strueture and output
3 AN 5 Ha AR ] 38 0 B0 4 K R ) Y ik B gk Out Size Operator Rescale Add S
LB 45 8 5 1) T ) L U 1 6 100z 5xs Come o Ro No 2
ﬁE;%E,%Hﬂ%%@ﬁ]‘?&{hﬁ%((}lobal Aver* 50° X 32 3X3 MaxPool NO NO 2
age Pooling, GAP) %u éﬁ j"%)%j& ﬁj—‘ﬁiﬂ}a , ’fjii 25“ ><32 3>< 3 COI’IV. NO NO 1

2

JH Sigmoid B 4 Hf U — fb g B U 4 R Bz gx Come s Wes s Xes
P . , 132 X 64 X . 2

% 1S T Coll-Net 17 % i 5 5 [0 4 45 H) o5 st gmstow. o No N
_ e o 132X 64 3% 3 Conv. Yes  Yes 1

K AR, 2 Rescale 7R 42 & i F 3 38 o “ “
o _ . 77 X128 3% 3 Conv. N N 2

B WL AT bR . Add %R 5 E A3 BB °
_ _ . 77 %128 3X3 Conv. Yes Yes 1

[ B 4 HE AT L S R K L FC %% 43 e GAP“V R

JZ AL B,

1 FC, Sigmoid — — —




%8l

TR A B s 1 T R BIL A AT 2 R A T 0 2% 1853

3.1.2 REMBER
Bk 22 PRz Bk 22 ) 45 i SR N BEAS 21 B T T
FUZ R Z AR IT, K 4 HEkZE TR
B, B A x AR UGHE i A FUZ AR
K F OG5 FOo MR FTHE 75 31 25 58 0 46
ANFF —sRZPHAT AP, 58222 B A
Fx) =W, Q[eW, Xx+b)]+b,

y = o[ F(x) +x], (2)

i — T

Conv.layerl Conv.
" !

Conv.layer2 BN
Fx) l

y 4 Activation PReLU

@ BER (b) BHUZ

(a) Residual block (b) Conv. layer

4 522 BRI AR 1032 B A

Fig.4 Structure of residual block and conv. layer

Hrp W, b, W, b, 53 5l F 78 Conv. layer 1 JZH
Conv. layer 2 2B E Fm B &0 ) £ R ir
WAL 5 AR 2R PO B4R s QR R B R BRAE: y &
. B A S ERUZ W K E B E Sex)
B N\ x A8 B DL BUR B R AE 1 5 2R 05 T X
IRk P 25 B A PG L ) SRR AR P61 A A7 A s v Ak
BNV IR A 28 T A B 43 A ] 3 R
0 7220 1 WY A5E IE 28 20 A, 1 J5 22 B0TE R 3Ry
iy A A 7% 3 pRBCEIURR X 38 5 5 5 A B80T oR RO
B PR a1 AT ARG Ak DL v R 2% 0 AR LR M Ak
HAETT . Coll-Net i FUZ ]l PReLU bR £ it
AT AR LR | 3 A 5 B8 7 A 39 19 268 1 53 T
i A KBS B0 T BCUF b i T ReLU pR BT
K M 22 TR T ), I A F) T 5 TH N R 2% B 3
kA& J1. BN Fl PReLU 1 fir A % th 3¢ & fn =X
(3),x0(4D):
= {x; —E[x]}

' Var[ x]
BN, (x,)) = Ax; + 8. (3)
a;,a; >0
PRelLU(a;)= (4)

’
T,a;.a; < O

Horfrox, e, o AEARHEAL S AR S @ A5 A E
HrpEfEELx ], Var[ x ]38R 5 A 0 Y18 5 b5 1fE
25545 B 2R AT I 25 1 Ak B AE AR I A A e S gt
BN, Ce) S HEAR HEAL S5 2R 5 o 1 BTG RR BT o 7
Nl ZR I IR - 5 )2 B0k () 1 32 3 ] 2% AH
Ll s Bk 22 B 265 1T DLAE AN 580 0 2% Z 80 RiTEE T
AT Lo T8 ) 4% B i 9 {5 B R AR RE ) . HAEREAIR
W i 000 0 4% 52 4 B % A T I 4% 0N e g 5 T L
AARRAH
3.1.3 =M AFAEEARE M L%

BEXTAT 422 4> 72 0 I 15 T00I RS B2 2 5K ey Y
&5 Coll-Net 51 A 23 1] VE & 7 HL X 8% 22 e it A7
B I 5 FTas . SO Z AR T SR T E L
R 55 A5 BRI 45 R 7R A7 38 18 AL, I HAX
T 2 0] 455 1iF E FR E B B (Rescale Module) 3R
3. IAUE B9 2 B AR FE T A5

y" = Padding(Scale) ®y, (5)

Horpy yl, y" b Jm AR, J& 1 FF 4E B, Padding
(Scale) F/R BT 5 B INAUE s 5§ © 3278 Had-

amard FEfH,

iiiiiiiiiiiiiiiiiiiiiii

Rescale

module

Scale Next
X Conv Conv block
g layer g layer
Y Y Multiply
Attention

,,,,,,,,,,,,,,,,,,,,,,,

Bl 5 o R AR 2E S5

Fig.5 Structure of improved residual block

7 15 B 25 R AE T X8 00 45 SR 1) 0T Ak BE AN [
R B 2 B R T ARR I A o 5 B R B S R
T BUE Scale, DL 7 1 X 0 38 18 45 AiF (9 51 2 F
JE AN 6, nl i i I 29 J7 2ok 2% 2 Scale, Bl
S GRUZ AN 5 15 B 1Y E AN C R
Ky o Zak 4 Jr) o1 4 Ak Ak BRI e 1 Y BR 4
Jay S AZ BY s SR JE 3k AT C/n D& TR 2 i
B2 (FCL s FE4A H 4 0d PReLU PUR T b 2 M
ARk rERINRE ) EM S EA C &I
SEERZE (FC2) M # ; & J5 il i Sigmoid #& R
55— B MALH Scale,



1854 e KE TR

5 28 &

Y| Global average Y s pc1 | PReLU
pool _I
——— PC2 |- > Sigmoid [~ > Scale

6 bR A gAY
Fig. 6 Structure of rescale module
R BT EA X .
W H
1
W R HE Zy(k’ZQCI)

k=1 1=1

Scale = Sig{w; « PRe[ (Y + &) ]+ &},
(6)
Hrr y,Y,Scale 53 5 7 g A W) 25 (Bl RRAE & 4
Jr it Ak Hi HE RN AR E AR AR BN AU s W, H ROR
25 RRAE B SE RN R s CoRR S | Ml 0, - 0,
g .8 M F R FCL Al FC2 J2 MY AL E K i 7% 12 5
Pre(.),Sig(.)# /R PReLU Hl Sigmoid %%, 3
H. Sigmoid pREL 2Rk R
Sig(a) = 1/[1 +exp(—a)]. «P)
FhRERBIYCR WA 22 B 7 B i1
PESEBE RO XR, TGRS 22,
B FCL JZ A 38 38 BN 525 (B AR IR 1) C B2 C/
n, FC2 M E Ak S/ 50 C, R K2ZER
LTS
Add = x+y'. (8)
3.1.4 s ms
e EE 3 Ao BAk 2 S PR I 128 KRR
B HEAT 4 J5) 7 34 b Ak A B, SR 5 B L% A 43
R VLA FRAE B 5 I &tk R R &S
K H Sigmoid A= B H — fb 19 B g 5000 (H .
Mg RN R 52 ERZHA M, X
FEBE AT 98 A AR 1B 7 A i R R A R AR
o B A S 8, AT AR 4 i 1 2 LA W
f&
3.2 lEKREE
3.2.1 FERFHELE
AR EAT A 5L BR MR A5 72 Bl 53R o 1
Wy ez B3 1) AR AR LA K R 3 5 b RT RE Y BLYR
B VHATEE AT N CHLERFT AR 5 RE S A . B
IS T Coll-Net W45 i B4 4 . 2 45 4 5t
T UZH JFc$4iE 4 Driving Event Camera Data-

sets(DECA) ™ AR 30 M A Bk 6 H 28 1 50 11 i
W E R (R SF 640X 480) , FF4% o Al fig & A 72
TR (Y R ARAC o 1, JGRETE AT AE B9 B FR ]
0, 76 B I [ 48 Fb A1) % Y11 25 4 D0 3t 4 R 56 HiF 4R
#4740 53, Coll-Net B3R A 200 X 200 Ay 538
T P AT RO AR AR AL B, Sk o B I R
TAA AR I 1] O JE AR ST Sl 480 X480 (1)
e, BB L 45 /Ry 200 X 200 A dE B A AR Sy
LI AU
3.2.2 & BH

Coll-Net % i 28 Sigmoid R AL BS BUE
IhF L0, 112 4, iz AR i A T 00 2 O IF 28
B BEA%) BUME R, BRI 25 DL — 43 2R 58 S R
BAE R AT R, KRB IR =X (9) .

BCE, =— log[p(P; | Ha) 1=
— P,logP, — (1— P.)log(1—Py), (9

FOf L BCE, 48 b ANBEAS 8938 U Py, P, 7
85 ke ANRE AR B S 18 A TR 18 s Mo 675558 & A
BEA BRI A . 218 5 25 B o RE A B0 e T
TERE A, i H T 85 V11 46 90 2 6F T 8% % 9 00
I3 2E AT I A 2 bR B T I O AR 1 5
SR AT KT SUREAR L AR SO X IE SRR
i LS IR A 900 2 bR BE K

*plogﬁk , P, =1
Loss, = ,
— (A —wlogl—P). P, =0
(10)
Horfr p TR IEFEARIALE ,
3.2.3 B AR

Y53 72 vh KB B 4 25 04 17 SRR AR AN AN i)
U AR AR O Ak Ty 1] 1T L R ) AR Y X w4y 2R R
AS TR BE T o A SO HE AT B AR 1 28 S
% B ASCER il R R I 5 O v o DR ME RE AR 402K
WHE B S P, S HONE P, 2 2% A #E0  fay s ke
ARG R MEREAS 5] A PR R A 42 308 5 W 0 R A it
KAEmRR QDI .

—p(l—f)k)ylogf)k, P;ZI

Loss, = ,

— (1= P log1— P, Py =0
(1)



%8l

TR A B s 1 T R BIL A AT 2 R A T 0 2% 1855

Uy S R MERE AR A AT IR L ok y iR
AP AT BB, 4 I SR 2 pR B A N -

N
Loss = iz Loss, » (12)
Ni:l

EINE N Y
4 A TERETRM AT F Rk

4.1 FiRIEHIRRE

FHT Coll-Net i 5 (947 42 B 5 A 26, A< SC 42
H— b A2 s i O kL B 24 Coll-Net X 45 A Y 42
I PELAG At ABE 26 10000 s 5 Ak B 25 {6 FF 4 56 T 0
LR p FEAT BB .25 p=0 B, PR TG A A il
AT BB AT PR AR IE B AT A A Y p=1 1,
23 R A AR OV R R R R R 0, A G R B AR S
A H 35 F il 8 AE 38 190 S R 4 o) 42 AR AR 4n =X
(13) fi 7R

Vi = A=) [ (I —p)Vi+0Vim ]

(13)

Hp Ve Ve N ke 1 2TV o N IE
WATH T ;0€ (0, D FRE 6 2B Y o &
B R B R W A B N30 5 pe R
I 2] 0 0 il 92 ARE %, 214 lf 8 A SR /N L R G (1
— pi) (Voo - Vo) B B 0 B 58 IF H AT 42 5 24
il 78 ABE 3R R W4 R GE B W IR & 0, IR AN
IUNAT 25 3kt B 4 41t 2 2 3l i oK #E i Coll-
Net 76 JC N ZE M A 302 58 1 0 W 2t — 2 1
X I,
4.2 EBAFEAE

NIEFATE R G EERERE ) BRI R T 2 A
1 Coll-Net Tl i b % 5 1) ) 2 5 W o A& 147
FJ5 ). IR I S B R ST AR Sk R i [
GRSE 4 /IR 640 X 480, I 78 B I 5 iR S
H 640 X 400 [ R S X 35 5 SR IS TE 1% Xk 42
A=A KR i EROR SE 400 X400 /9 B H
TR =A% HEMGSEAR g RSE 200 X 200 /9K BE
&, F6 Ho A B Coll-Net rf #E 47 B3 F . (4
A — 4R A AN DA BUE pred 332 AF X 1
TR T5 ) PR S AR, I B Y pred=0. 5 B
APAEZ T RS, KT AT Z2E N
Coll-Net il B 15 75 ] #4922

| wnemsam |
| ol L BTTF |

v v ¥
| EEOmE | | PEOBE | | A O
[ [ |

v
| g |

7 W4 5 1 E o U AR

Fig. 7 Process of obstacle direction localization

5 ZBRERSH

5.1 XHHEE
5011 RBHELTS

A SCHEF DECD #4325 Y1l 254 (7 28 806
FRUNZRIE A 1 590 7K 35 UE KD 1 XF Coll-Net #F 47
Y2 i 115 T DECD #4 # iy 4R (5 1 576 3K
WD X Coll-Net #y Bt B 70 68 1 9 47 V7 AG 5
MK 52 5 25 R 5 W 48 U 25 55 F S R VGG-
1607, ResNet, EfficientNet-B0, InceptionV3H"!
S RRIVR BE 27 > W 4 B A L 1T X i A i &
Vit i H AR A0 26 MobileNet V350 75 ) (1
ERARRT TG, R T BIE Coll-Net 4 i 5
T K FAT 45w B A R, S B 7E Udacity
) Self-Driving 76 A 25 B 8 4E 4 h e B A
REMEWAT 4G ST L5, 2 A B
B3 2R 155 N 2 5 40 0k PR (W) A9 i Ak 2R 5 . 3
25 N AC S 1532 47 F Linux & 4 316 A Intel
(R) Xeon (R) W-2133 @ 3.60 GHz 7~ # CPU,
% T Coll-Net [ £5 (1% #5 1 W i H] L) Tensorflow
1B 5 s 1) Keras HE22 H A opencv #E17 B4
TiabEE, HAEH python fE Mgt iE . IZRET il
JH Nvidia RTX2080Ti #4715 i # , % (& 3| %
AR MR G T, B R CPU R
AT AL AR
5.1.2 %A

X%t Coll-Net £2# 47 Il Zhbif , (T Ad-
am LAk a8 I 2 2 R R 0. 000 1, KA A%
BE N 64, IEFEARRE o 0. 75, Y ZhiE U4
0 epoch BEE Ny 50 U,y 1 o 00 AR BY 1 32 fk
R8T, VIR B 7 i o I 2 19 42 3% $2 )2 12 & Drop-
out 4 0.4, B 8 45 7 Il 2k &L Bt L {H train_



1856 b i

K TR

5 28 &

loss MERG % train_acc DL R 55 UESE M1 5 E val _
loss MER# val _acc MAE4L, EIHATIL, 2 y=0
A4 2R bR EIGR A 58 SCAR pRERs B1 XF DITZR 4R L > 3
Ky B VI R A A S B 451 2 (i 7E B AR AR IR A5 Bl
S T2 =2 B TN ASE A AN AN A A b 1) A SRR
7 L3 REPRUEAR 25 i VA 1 5 51 X IR AR 2 y=2

0.05r =0
0.04} —_
2 0.03} .
s
0.02
0.01+
0 10 20 30 40 50
Epochs
() IR {E
(a) Loss on training set
TV (T —
5 0951 &
go09: 0
g 085 -
= 0.80F =
e 0.75}+ !
= 070
0.65}
0 10 20 30 40 50
Epochs
(b) VNI EE HERf=E
(b) Accuracy on training set
0.05r
0.04 -
» 0.03F
3
0.02
0.01 -
0.00t - ‘ ; : ! .
0 10 20 30 40 50
Epochs
(c) BFEEHLE

(c) Loss on validation set

1.00}
5 SN, -
£ 0.0/ W 3
S —
S 0.80 =
S s
= 0.70-
=
T 0.60F
050_ 1 1 1 1 1 Il
0 10 20 30 40 50
Epochs
(d) BiESEHERE

(d) Accuracy on validation set

B8 Yl ghid AR b i 5 O R 5 il R

Fig. 8 Loss and accuracy on training process

A AR 451 % e M LA AR R RS E M . AR
SO R MERE AR P IRy E N 2.
5.2 Coll-Net AKX 5 5 47

Ry YA TH 2 WL VAl AR i AR ST IR I 2R
Coll-Net 15 7Y (1% & £ F0M 1 B8, A SCI 1A [+]
o) 285 A5 0 A 0 32 4 ARGV B 2R (Accuracy) (X i
HK (Precision) , 4 7] & (Recall) ,Fl-score , # #l &
BB (Parameters) | 7% 5,38 B R 8L (FLOPs) 1T
BAERT (Latency) B PEREFS A - 115 X491

TP + TN
TP +FP + TN + FN

Precision = TP/ (TP + FP)
Recall = TP/ (TP + FN)

2 X Precision X Recall
Precision + Recall

For TP TN 3 51 32 7 W0 IE 8 9 1 B 2 A 67
FEAHL, FP L FN R 1000y 1F 1M 55 By £ B F A
K TN Ay 7T S PR R IE B AEAS . DU R Coll-
Net % HH#E R prediction=0. 5 B ¥E A0 Sy T
TEAEAS, HoAh By 30 S F0I AR A, 3R 2 90 ih TR
B2 K Coll-Net TEREFE #5 .

Accuracy =

F1 — Score = , (14)

F2 BEENRKIERTIZE S

Tab. 2 Model test performance and calculated capability

Params. / FLLOPs/ Latency
(X10°) (X10) /ms

Accuracy F1-

Model
/% score

VGG-16 96.64 0.922 7.82 6.95 279
ResNet-18  94.35 0.875 11.53  3.01 116
ResNet-34  94.59 0.878 22.20  6.33 213

InceptionV3  92.01 0.824 23.94  4.32 167

MobileNet

96.39 0.917 3.93 0.39 82
V3-Large
MobileNet

94.44 0.870 1.52 0.09 39
V3-Small

EfficientNet-BO 96.26 0.914  4.05 0.61 106

Coll-Net 96.01 0.915  0.47 0.08 24

Coll-Net 7E [ fig 7 = # 22 F Fl-score P>
e br LR AR H T VGG-16 (— 0. 63%.,
—0.07) A1 MobileNetV3-Large ( — 0. 38%,
—0.02) ,{HE X AL 3 #5328 5 A ) M EOR (S 40
R 552 HAO KT VGG-16 Fl MobileNetV3-
Large, 7 5] /2 Coll-Net B9 24 ms T FE R 58 £ 15
B T ST AR PREL R, 2 LIS BE 4 ki A S Ab PR AR
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FRW Coll-Net 75 [ fig FI H i 1] T £ B ) 2

WA A SR Y 32 4 45 A e R T ZR (Re-
ceiver Operating Characteristic Curve, ROC)
HXF W 1 A2 ( Area under the curve, AUC)1E 5
4K bR ok Xt B Coll-Net 5 #if 3¢ BF i Giusti,
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Confusion matrix
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Fig. 9 Coll-Net prediction result on test set
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Fig. 10 ROC curves of different obstacle method
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Fig. 11 Coll-Net test on crossroad
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Fig. 12 Coll-Net test on T-shaped road
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Fig. 13 Guardrail obstacle test
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Fig. 14 Pedestrian obstacle test
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Fig. 15 Low-contrast condition test
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Fig. 17 Result of obstacle direction localization
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